INTRODUCTION
As a consumer good an art object is valued for its aesthetic pleasure and potential prestige to the current owner. As a durable object its value represents discounted future consumption for the current and subsequent owners. Future consumption value for art has inherent risks associated with the evolution of tastes of the individual as well as society as a whole. These future components to present value are not unlike those of traditional financial assets whose prices reflect future income accruing to the asset holder subject to various market uncertainties. The potential for future returns has encouraged analysis of art prices within the context of asset pricing theory. Whether this return is attractive has been the focus of considerable economic research in recent years (for reviews of the economic literature on art see Burton and Jacobsen, 1999; Ashenfelter and Graddy, 2003) . In contrast to anecdotal evidence on returns, serious economic studies of investment in paintings have not always supported claims of financial success. Paintings usually offer lower returns and always have more variability than traditional financial alternatives. These generally dismal results are not surprising given the consumption Αdividend≅ of art objects in the form of enjoyment to the owner not usually present for usual financial instruments (Frey, 1997) .
There are some exceptions however to the general findings depending on the particular grouping used which can include breakdowns by artist, subject matter, art school for the work, and time period of sales (see Agnello, 2002; Mei and Moses, 2002; Edwards, 2004; Hodgson and Vorkink, 2004) . The long-run real returns to holding art appear to be positive even when factoring in high costs of transacting and special risks inherent in fine art such as fire, theft, maintenance, mutilation, forgeries, and mistaken attribution (Frey and Pommerehne, 1988, 1989) . Thus, although not an overly attractive investment, art nevertheless may have appeal since few consumption goods retain, let alone generate additional, real value over long periods.
In addition to the overall size and variability of returns for art, determining if these returns vary with other financial assets is important to a full assessment of whether art may usefully diversify a portfolio. If art returns do not strongly positively covary with returns for other assets, even those whose returns are higher and more stable, art can play a role in reducing the overall risk of a portfolio especially for wealthy investors who may have excess liquidity. To what extent art assets can be treated like other capital assets and to investigate the role of art in a diversified portfolio is the main focus of this paper. The standard static capital asset pricing model (CAPM) is used to investigate the effectiveness for risk management of investment diversification which might include art. Although recent research on the CAPM has recognized the dynamic nature of expected financial returns by allowing for inter temporal return variability (see Guo, 2004) , data limitations do not allow these innovations to be incorporated in this paper. To the extent that art returns follow the CAPM, at least to a degree similar to traditional financial assets, one may argue that art behaves like a financial asset regardless of its investment desirability. In addition this paper provides a further test of the CAPM, and thus contributes to the evolutionary process of accepting or rejecting a scientific framework.
CAPM METHODOLOGY
The CAPM methodology begins with the concept of a risk free asset yielding a return reflecting pure time preference or the compensation for postponing consumption. The compensation for risk, or risk premium, on asset i is its excess return over the risk-free asset.
This excess return reflects general risk inherent in a market portfolio (systematic) which cannot be eliminated through diversification and a unique element specific to the asset (unsystematic) which can be diversified away. In its simplest form the CAPM postulates a proportional linear relationship between returns of an asset i and the market return [see, Markowitz (1952) , Sharpe (1964), and Lintner (1965) for early theoretical work underlying the CAPM]. Written in market realization form this relationship is given as:
where: R i = return on asset i R f = return on the risk-free asset R m = return on a market portfolio comprised of all risky assets B i = beta, a coefficient or index for asset i reflecting its risk
The beta for an asset measures relative risk for the asset, and reflects how its return moves with the market portfolio which has a beta of one. A beta greater than one reflects an asset whose return moves strongly with the market whereas a beta less than one suggests a weak relationship to the market. A riskless asset has a beta of zero in a static macroeconomic environment since its return does not vary and thus cannot covary with the market. A negative beta implies an asset whose return varies inversely with the market, and thus provides useful diversification value by reducing portfolio risk. Eq. (1) also expresses the required return on an asset as a premium over the return on the riskless asset. This risk premium depends on beta and reflects a compensation necessary to assume additional risk.
Assets with the same beta have identical returns and risk in a static optimal portfolio.
Empirically eq. (1) is estimated first from a non proportional time series regression for each asset i over time t:
(1') R i t -R f = A + B i (R m t -R f ) + e t where R i t and R mt are the realized rates of return of asset i and the market portfolio respectively in time t. The random error, e t reflects specific (unsystematic) risks associated with asset i, and is assumed to follow and identical and independent distribution over time.
If the CAPM holds, the intercept (A) should be zero, and thus there is no persistent component of returns which is not associated with market risk. The estimate for B i reveals the portion of the asset=s returns that is systematic. When ordinary least squares (OLS) is used to estimate eq. (1'), the estimate for B i is simply the covariance between R i and R m divided by the variance of R m which corresponds to the theoretical CAPM specification.
For a review of some econometric difficulties which may arise in estimating eq. (1') see Berndt (1991) .
In order to further test the validity of the CAPM a second stage cross section regression is estimated as:
where R i * is the long run average return on the ith risky asset, B i * is the estimated beta of the ith asset obtained from the time series regression eq. (1'), and u i is a random residual (see Levy, 1978) . Under the standard CAPM in long run equilibrium, the estimates of a 0 and a 1 should be equal to 0 and the long run market risk premium (R m * -R f ) respectively (where R m * is the average observed rate of return on the market portfolio). Empirically obtaining these theoretical estimates is a second stage test of the CAPM, and is not supported in much financial empirical research (see Black, Jensen, and Scholes, 1972 In violation of the CAPM this additional element is often found to be statistically significant and more important in explaining excess returns than the contribution of systematic risk itself, B i *. Recently CAPM research has moved in the direction of relaxing some of its strong assumptions such as investor rationality, no excess liquidity, and constant expected market returns in an attempt to gain empirical support. Allowing expected market returns to be time varying and thus dynamic complicates the analysis since now an asset=s returns not only covary with actual market returns but also with variables that forecast market returns (Merton, 1973 and Campbell, 1993) . Due to data limitations a dynamic version of the CAPM is not estimated in this paper.
MARKET PRICES AND RETURNS FOR PAINTINGS
A significant effort is required generally before undertaking a CAPM analysis for art. In order to apply the CAPM to any asset a measure of the time series movement in its value or price from which to compute returns is the usual starting point. Since art is not a homogeneous commodity traded in highly organized markets like stocks and bonds, price indices are not readily available. Generally prices from public auctions are used to develop price indices since these data are both numerous and readily available. Due to their private nature market venues such as dealer and gallery trade generally do not allow for the compilation of a large and representative data series needed for price index construction.
In addition to the source of art price data, it is necessary to decide on how to utilize the price information for construction of price indices. If one has price information on a work of art at two or more points in time, accurate individual returns can be computed readily. In order to generalize the findings prices from a diverse set of art objects must be combined. Two approaches to the issue of heterogeneity of art objects have been used by economists to construct price indices: 1) the repeat sales regression and 2) the hedonic price regression. The repeat sales regression methodology developed by Bailey, Muth, and Nourse (1963) combines recorded prices for repeat sales of an individual object with those of other similar objects. Price indices are estimated as coefficients of temporal dummy variables, and are relatively free of contamination due to data heterogeneity. Although identifying repeat sales of the same art work is not a trivial task when using a large volume of auction data, repeat sales have the advantage of controlling for the item when observing temporal price movements. The main disadvantage of repeat sales is that all items subject to only one sale in the time frame are ignored. See Chanel et. al. (1996) for theoretical details in applying the repeat sale regression model to art; empirical applications can be found in Baumol (1986) for old masters, Pesando (1993) for modern prints, and Mei and Moses (2001) for American, old masters, and impressionists.
In an hedonic framework transactions of different works are pooled together in a large multiple regression equation. In this way a much larger set of objects can be included in the analysis. Developed initially to construct price indices for automobiles and housing with different characteristics, hedonic price models have been used extensively in many areas including art. When determining value, hedonic models control for the presence of characteristics either intrinsic to the asset or surrounding its sale. Hedonic models attempt to provide reliable estimates for the marginal effects of asset and sale characteristics including timing that are free from contamination due to the peculiar characteristics of each sales transaction. When applied to large samples hedonic models generally yield coefficient estimates that have more reliability (i.e. smaller standard deviation) than those from repeat sales (Chanel et. al., 1996) . Applications of the hedonic price model to various art portfolios go back to Anderson (1974) and are summarized in Ashenfelter and Graddy (2003) .
Price indices and returns used in this paper come from an hedonic model developed in an earlier paper by Agnello (2002) . In this paper detailed descriptions of the auction data, selection criteria for artists, and hedonic coefficients estimates including price indices can be found. Before focusing on the CAPM extensions of this paper, we recap briefly the data and classification definitions used. Hedonic models were fitted using auction records from 1971-1996 for 25,217 actual painting sales (i.e. no auctioneer "buy ins" for failure to meet price reserves) compiled from the Annual Art Sales Index (Hislop, 1971 (Hislop, -1996 . Ninety one well known American artists born before WWII whose works are generally expensive, and thus more likely to reflect investment rather than pure consumption, were used. Although U.S. artists have been studied by others using smaller data sets, the more common focus in art economics has been on paintings from the old masters and impressionists (Ashenfelter and Graddy, 2003) .
Hedonic price indices and rates of return shown in Tables 1 and 2 were calculated for the entire sample as well as various disaggregations. The sub samples were large enough to provide reliable annual price indices for 17 individual artists, high and low end works, and up to eight subject categories. Lack of sufficient data limit the analysis to fewer than eight subjects when high/low price breakdowns are also in effect. Following Pesando (1993) 
CAPM STAGE ONE FINDINGS
The traditional CAPM is estimated using eq.(1) through eq. (2') for painting returns overall as well as the subject, price, and artist breakdowns defined earlier. The returns on the market portfolio have been represented by the S&P 500 stock index with dividend reinvestment, and the 30-day U.S. Treasury Bill rate is used to represent the risk free asset.
We focus first on the various subject and quality breakdowns reported in Table 1 The most striking result for category betas appears in the comparison between the high end and low end. High end paintings either overall or by category exhibit low or negative betas whereas the low end betas are always positive and sometimes large. For the eight low end style categories the mean beta is .538 with a standard deviation of 0.426, and is significantly different from zero with an .01 prob-value using the standard t-test for sample mean (t = 3.572). The high end average beta is -0.152 with a standard deviation of 0.372 and not significantly different from zero (t = 0.706). The high end average for beta however is significantly different from the low end average beta of 0.538 with a .03 probvalue using the standard t-test for mean differences under unknown population variance (t = 2.626). Thus we conclude that high end returns exhibit lower volatility than low end returns, and tend to move inversely with the market offering a diversification benefit. This is supported without the more sophisticated CAPM analysis be observing simple correlations between returns of paintings and those of market benchmarks. In Table 3 we see that correlations between painting returns and several market alternatives are low, and for the high end paintings, negatively correlated with those of stocks (S&P500) and long term government bonds (GOVLONG). Adding paintings by U.S. artists to a portfolio thus has diversification value by reducing the overall risk especially for paintings of the highest value.
Betas for individual artists found in Table 2 The lack of association between painting returns and those of traditional financial markets is not surprising given the generally insignificant autocorrelations of painting returns shown as correlograms in Fig.1 . EMARKETR, EROVERALL, EROVERALLHIGH, and EROVERALLLOW represent excess returns of the S&P500 market benchmark, overall, high end, and low end U.S. paintings respectively. With the exception of high end paintings, the correlograms essentially picture white noise. Three high end return autocorrelations (ACs 1, 2, and 3) and the partial autocorrelation (PAC) of order one are significant suggesting and AR(1) process present (see Box and Jenkins, 1978) . Overall returns may be non random as well as shown by the large AC (4) In general it appears that returns which are in fact computed from first differences of price series reflect stationary random data uncorrelated with market returns. High end painting returns are the exception however since their autocorrelations suggest something other than white noise.
CAPM STAGE TWO FINDINGS
As a further test of the CAPM applied to U.S. paintings returns, eq. (2) and alternatively eq. (2'), are estimated as a second stage where beta is treated as a characteristic of a capital asset accounting for its excess market return. For consistency a 0 should be 0 and a 1 should reflect an estimate of the average market risk premium in this second stage estimation. The results of the second stage regressions for subject matter categories and artists can be found in Table 4 . Beginning at the top of Table 4 where eq. 2 is applied to overall subject categories not disaggregated into high and low end (n = 8), we see that R 2 is very low. The intercept estimate is statistically different from zero (prob-value = .016), and the coefficient of Beta underestimates the historical average market risk premium of .045 for our time period. All of these results are unsupportive of the CAPM. When Errvariance (S 2 in eq. (2') is added, the intercept and slope results change little. R 2 however increases substantially from 0.001 to 0.433 indicating that information was omitted form the first stage beta estimation for the art style categories.
When the subject categories are disaggregated by high versus low end (n=11), the results change somewhat and become partially supportive of the CAPM. In order to utilize the small number of high end observations in this stage of analysis, high and low end observations were pooled and a dummy variable Highend (1 for high end observations) was included. Slope pooling was first tested by interacting Highend with both Beta and Errvariance and testing whether the high end and low end observations can be pooled across (i.e. have the same) Beta and Errvariance slopes. These interaction terms were insignificant both individually (t-test) and as a group (F-test), and were thus dropped from the regressions. The section of Table 4 titled subject categories pooled high/low end (n=11) shows the regressions for eq. (2) and eq. (2') with the effect of adding the high end dummy variable present. Without the high/low end control, the results for eq. (2) give intercept and beta slope estimates similar those of the overall style category regression although R 2 is higher (.339 vs. .001). The intercept is significantly below zero and the slope significantly underestimates the market risk premium thus providing little support for the standard CAPM. Errvariance is unimportant in this case adding little to R 2 (increasing from 0.339 to 0.422) and having a high prob-value. These findings indicate that omitted information from the stage one beta estimation is of little use as was the finding for the overall subject matter categories (n=8).
When high end information is added to the subject categories in eq. 4 (again n=11), the results become more interesting with R 2 more than doubling from 0.339 to 0.772.
Although the intercept remains significantly below zero for the low end, the high end In parenthesis to the right of each coefficient (a i ) is the two tailed prob-value for H 0 : a i = 0.
